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Background: Despite the success made in scaling up HIV treatment activities, there remains a tremendous unmet demand for the
monitoring of the disease progression and treatment success, which threatens HIV/AIDS treatment and control. This research
presented the assessments of viral load and CD4 classification of adults enrolled in ART care using machine learning algorithms.
Methods: We trained, validated, and tested eight machine learning (ML) classifier algorithms with historical data, including
demographics, clinical, and laboratory data. Data were extracted from the ART registry database of Yirgacheffe Primary Hospital
and Dilla University Referral Hospital. ML classifiers were trained to predict virological failure (viral load >1000 copies/mL) and poor
CD4 (CD4 cell count <200 cells/mL). The model predictive performances were evaluated using accuracy, sensitivity, specificity,
precision, fl-score, F-beta scores, and AUC.

Results: The mean age of the sample participants was 41.6 years (SD = 10.9). The experimental results showed that XGB classifier
ranked as the best algorithm for viral load prediction in terms of sensitivity (97%), fl-score (96%), AUC (0.99), accuracy (96%),
followed by RF. The GB classifier exhibited a better predictive capability in predicting participants with a CD4 cell count <200 cells/mL.
Conclusion: In this study, the XGB and RF models had the highest accuracy and outperformed on various evaluation metrics among
the models examined for viral load classification. In the prediction of participants CD4, GB model had the highest accuracy.
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Introduction
Infection with the Human Immunodeficiency Virus Type 1 (HIV-1) continues to pose a hazard to public health
globally,' > it is associated with weakening the host’s immune system leading to acquired immune deficiency

syndrome (AIDS) and high mortality if no therapy is provided. All HIV-positive individuals should receive antire-
troviral therapy (ART), according to the World Health Organization (WHO). Thus, this emphasis on HIV medical care
helped the ‘treatment as a prevention strategy for putting an end to the HIV epidemic by emphasizing the necessity for
thorough diagnosis and treatment assistance. As of 2021, 38.4 million people globally were living with HIV/AIDS and
roughly 28.7 million people were enrolled in ART.* The vast majority of people with HIV were from low- and middle-
income countries. Approximately, 53% of people with HIV were from eastern and southern Africa in 2021. In
Ethiopia, more than 0.61 million people living with HIV/AIDS, of these 78% to 82% of people with HIV were
accessing ART in 2021.>°

There remains a tremendous unmet demand for effective and efficient monitoring and treatment of HIV/AIDS,
despite the success made in scaling up HIV treatment activities. Evidence suggests that tests of viral load (a measurement

of HIV nucleic acid concentration) and CD4 lymphocyte counts are important tools for effective monitoring of disease
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progress and treatment response.” '* The CD4 cell count is one of the most important indications of immunological
function, with lower counts indicating a weaker immune system.'*'® HIV is a retrovirus that typically infects CD4+
T cells, causing their numbers to diminish with time. Because the number of CD4 cells declines steadily in untreated
infected individuals, the CD4 cell count has become an essential indicator for treatment plan selection and ART
effectiveness monitoring.'*'®!” Furthermore, the quantity of CD4+ T cells is a significant signal for judging disease
development and determining the patient’s prognosis.

However, the long testing interval and the need for advanced laboratory investigations present massive challenges for
the effective comparison of treatment outcomes.”” "' As a result, it is extremely difficult for patients and healthcare
professionals to predict how the disease will develop or change after starting ART. Furthermore, understanding the
conditionally dependent clinical features that drive these outcomes is a major challenge.'®'®2° The use of predictive
modeling to identify patients who are most at risk of treatment failure shows promise. Machine learning (ML) and
Artificial Intelligence (Al) algorithms are important in healthcare because they analyze medical data and offer some
striking potential in generating useful evidence that can play a significant role in healthcare decision-making.?'-*?

ML algorithms can learn from the huge amount of structured datasets by using a combination of statistical, probabilistic,
and optimization techniques.”> > Accordingly, ML models have widespread applications in medical research;'®3-2¢—32
almost any data type can be used to build predictive models. In particular, ML algorithms had a remarkable potential for
creating prediction models that can be very useful in ART treatment.'"'*-*%3376" ML algorithms employed on data from
routine clinical care of HIV patients such as Logistic Regression (LR), Gaussian Naive Bayes (GNB), Decision Trees (DT),
K-nearest Neighbor (KNN), eXtreme Gradient Boosting (XGB), Random Forest (RF), and others were effective to model
viral load and CD4-related outcomes in ART.*® %% These make it simple and affordable to identify patients who are at a high
risk of treatment failure, and they can be used as a springboard to launch prompt, effective interventions. Several related
studies have been conducted to predict viral load and CD4 using ML and other techniques globally. However, there are
scant studies in the literature regarding the effective use of ML technologies to support the treatment and management of
ART programs, especially in resource-limited settings like Ethiopia.

Therefore, we have employed five standard ML algorithms KNN, DT, GNB, Support Vector Machine (SVM), LR,
and three ensemble algorithms Gradient Boosting (GB), XGB, and RF to predict the viral load and CD4 status of adults
living with HIV/AIDS and enrolled in ART care in Ethiopia.

Methods and Materials

In this study, we trained, validated, and tested eight ML classifier models using retrospectively collected records of adults
living with HIV/AIDS and enrolled in free highly active antiretroviral therapy (HAART) service in the Yirgacheffe
Primary Hospital and Dilla University Referral Hospital. The experiment was divided into six steps, which involve data
collection or extraction, data pre-processing, data partitioning, data balancing, model building, and model assessment.
The study protocol was approved by the Institutional Ethical Review Board of Dilla University, Ethiopia (Reference No:
duirb/004/21-10) and was carried out following the Declaration of Helsinki.

Data Acquisition
We extracted the de-identified data from 2907 adults who were 15 years of age or older, using an ART registry database
of individuals receiving antiretroviral therapy at the Yirgacheffe Primary Hospital and Dilla University Referral Hospital.

Outcome Measurements

The study’s outcomes were evaluated using the Ethiopian general ART framework and the WHO standard for measuring
viral load and CD4. A viral load greater than 1000 copies/mL was characterized as virological failure based on two
consecutive viral load tests within three months. Individuals’ viral loads were thus classed as either: “(0) suppressed (if
the viral load was less than 1000 copies/mL), or (1) unsuppressed (if the viral load was greater than or equal to 1000
copies/mL)”.*** Similarly, individuals were divided into two groups based on CD4: a CD4 cell concentration greater
than or equal to 200 was considered good; or a CD4 cell count <200 cells/mL was categorized as poor or low.**
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Data Analyses

Python 3 and with libraries such as sklearn library®® and others were employed to process the data analysis and the
experiments. In our study, 2 non-overlapping similar datasets with 2, 907 records of adults with 37 features were created
for viral load and CD4 model building. The list of features extracted in the present study along with the targets
(outcomes) of the study are provided in Supplementary Table 1. In the respective datasets, we deleted records with

missing CD4 or viral load count; hence, 19% and 2.33% of records with missing values of the outcome data (viral load or
CD4) were excluded from further analysis from the respective datasets. The final sample size was comprised of 2349 and
2839 individuals in the viral load and CD4 datasets, respectively.

Pre-Processing

The data set was comprised of numeric, binary, and categorical variables. Due to this, the algorithms that would be
implemented in ML model building only accept numerical values, and data were pre-processed into the appropriate
numerical format and values.>*®® The data were preprocessed as follows. First were excluded, features which were the
indexed value of the unique identity like that of medical record number, blank (null), and features with more than 80% of
missing data like those that of pregnancy status where pregnant individuals were less than 0.02%. In the final dataset, all
26 features were similar for both outcomes. Furthermore, one hot encoder and ordinal encoder were employed, this
allowed the categorical dataset features to be encoded and turned into numerical values. In the respective datasets,
missingness analyses were performed by visual inspection using the VIM (Visualization and Imputation of Missing
Values) and the missing values in the data were imputed using the k-Nearest Neighbors (KNN) approach using Euclidean
distance metric. In particular, each missing feature was imputed using the average feature value from k = 10 nearest
neighbors. As shown in Table I, features with the higher percentage of missing data were marital status (5.14%),
adherence level (3.22%), TB screening status 1), ARV dispensed dose (2.06%), viral load count (0.34%), and WHO stage
(0.13%). Further outlier and noise of the dataset were checked, and continuous features were standardized and normal-
ized in the respective datasets.**** The distribution plots are depicted in Supplementary Figure 1.

Feature Selection

In the feature selection process, we used various feature selection techniques to find the relevant predictive set of features
and then take the intersection of the features generated by the different techniques. Accordingly, we employed Pearson
correlation, Linear SVM, Lasso, chi-2, Recursive Feature Elimination (RFE) and Logistic Regression, Recursive Feature

Table 1 Characteristics of the Study Participants

Features Viral Load n=2349 Participants CD4 Count n=2839 Participants
N (%) Unsuppressed | Missing % N (%) <200 Cells/mL | Missing %
Sex
Male 838 (35.67) 45 (5.37) 0 994(35.01) 367 (36.92) 0
Female 1511(64.33) 110 (7.28) 1845(64.99) 801(43.41)
X?= 3.19 P-value 0.007 X?= 11.246 P-value =0.001
Marital status
Single 820(35.91) 46 (5.61) 1014(35.01) 352(34.71)
Married 1348(57.39) 102(7.57) 0 1610(56.71) 727(45.16) 5.14
Divorced/ Widowed 181(7.71) 7 (3.87) 215(7.57) 89(41.40)
X?= 5.541 P-value = 0.063 X?= 28.016 P-value =0.000
(Continued)
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Table 1 (Continued).

Features Viral Load n=2349 Participants CD4 Count n=2839 Participants
N (%) Unsuppressed | Missing % N (%) <200 Cells/imL | Missing %
Functional status
Functional 2169(92.34) 2021(93.18) 0 2625(92.46) 1080(41.14) 0
Non functional 180(7.66) 173(96.11) 214(7.54) 88(41.12)

X2=28.016 P-value = 0.000

X?= 0.009 P-value =0.005

Educational status

Cannot read and write 214(9.11) 18(8.41) 259(9.12) 82(31.66)
Can read and write 207(8.81) 5(2.42) 0 247(8.70) 104(42.11) 0
Primary school (1-8) 265(11.2) 25(9.43) 591(20.82) 254(42.98)
High school (9-12) 561(23.88) 39(6.95) 645(22.72) 322(49.92)
Above secondary 479(20.39) 34(7.10) 784(27.62) 233(29.72)
College and above 623(26.82) 34(5.46) 313(11.03) 173(55.27)

X2= 15.154 P-value = 0.010

X2= 99.117 P-value =0.000

WHO stage
Stage | 490(20.86) 32(6.53) 591(20.82) 251(42.47)
Stage 2 1010(43.0) 64(6.34) 0.0l 1174(41.35) 529(45.06) 0.13
Stage 3 739(31.46) 56(7.58) 909(32.02) 356(39.16)
Stage 4 110(4.68) 3(2.73) 165(5.81) 32(19.39)

X2=3.940 P-value = 0.268

X2= 41.568 P-value =0.000

CD4 at the start of ART

Less than 100

479(20.39) 26(5.43) 0

575(20.25) 240(41.74) 0

> =100

1870(79.61) 129(6.90)

2264(79.75) 928(40.99)

X2= 1.337 P-value = 0.247

X2= 0.106 P-value =0.744

Had opportunistic diseases

Yes

431(18.35) 27(6.26) 0

498(17.54) 220(44.18) 0

No

1918(81.65) 120(6.67)

2341(82.46) 948(40.50)

X2= 0.095 P-value = 0.007

X2= 2.298 P-value =0.001

Adherence level

Good 1814(77.22) 55(3.03) 2.44 2200(77.49) 903(41.05) 3.22
Fair 394(16.77) 44(11.17) 479(16.87) 187(39.04)
Poor 141(6.0) 56(39.72) 160(5.64) 70(48.75)

X?=301.707 P-value = 0.000 X?= 4.707 P-value =0.095
Total 2349 155 (6.62) 2839 1168 (41.14)
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Elimination (RFE) and Random Forest Classifier, Variance Threshold, recursive feature elimination (RFE), and RF.** The
selected features were trained among eight state-of-the-art supervised ML algorithms.

Data Balancing

In the respective datasets, the amount of data in outcome classes is significantly imbalanced. As seen in Figure 1, 93.38%
of the viral load dataset featured the occurrence of suppressed viral load, and only 6.62% unsuppressed viral load.
Similarly, it was observed that the CD4 status distribution was 41.3% for CD4 cell count <200 cells/mL (Figure 2).
Therefore, the synthetic minority over-sampling technique (SMOTE) method was utilized in the imbalanced-learn
toolbox to balance the dataset to address the class imbalance (https:/imbalanced-learn.org/stable/).”:%*

Data Split and Model-Validation
For machine learning (ML) approaches, a stratified tenfold cross-validation (CV) method was implemented in this study,
which partitioned the entire dataset into ten folds. Datasets were split into 70% training set and 30% testing set/train and
optimize the models using the training set and the result of cross-validation was registered. Hence, in this research work,
nine folds were used to train the model, and then the remaining one fold was used to test the model. This was repeated
iteratively until each fold was used once as a test set, thus performing the 10-fold CV. Finally, depending on the average
performance, the evaluation classifier was created.

In this work, a stratified tenfold CV was employed for estimation accuracy because of its relatively low-level bias and
variety. This method assisted to reduce the deviation in prediction error; increases the use of data for both training and
validation, without overfitting or overlap between the test and validation data; and protected against experiment theory

Viral load status distribution Balanced

Unsuppressed
Unsuppressed Suppressed
Suppressed

Figure | Viral load status distribution among of participants in ART.

Unbalanced Balanced
CD4 <200
CD4 <200 . CD4 >=200
CD4 >=200
Figure 2 CD4 status distribution among of participants in ART.
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proposed by arbitrarily split data. Further, when a CV was used with the stratified sampling method, both the training and
test sets were almost the same proportion of the feature with concern as the original dataset. Performing this with the
target variable guarantees that the CV outcome was a close approximation of the error function.

Experimental Details

For each cross-validation fold and modeling choice, we employed and trained eight supervised ML algorithms,
specifically 5 standard algorithms (KNN, DT, GNB, SVM, LR) and 3 ensemble algorithms (GB, XGB, RF). All eight
of our models use a stratified 70-30 split of the data into train-test sets. The split was repeated 100 times, and all
presented results were averaged over these repeats. For each 70-30 split, we also conducted a 10-fold cross-validation on
the train sets, where the validation loss was used for early stopping.

Model Evaluation

Different model performance techniques, such as sensitivity, specificity, F1-score, F-beta scores, accuracy, negative predictive
value (NPV), and positive predictive value (PPV), which were derived, using the observed data as the gold standard, were used
to assess the performances of the given ML models.>>**° Further, the Receiver Operating Characteristics (ROC) curves were
used to express the connection between the model sensitivity and specificity. To assess the effectiveness of classification models
and the performance of each class in the prediction model, confusion matrices were also obtained. The significance of predictors
for a tree’s choice according to their mean decreasing Gini was finally determined based on the most accurate method.

Ethical Approval and Consent to Participate

The Institutional Ethical Review Board of Dilla University in Ethiopia gave its approval for the study protocol, which
was carried out following the Declaration of Helsinki’s criteria (Reference No. duirb/004/21-10). In this study, the source
data was recorded as part of the routine health system prior to the design of this study. The Institutional Ethical Review
Board of Dilla University in Ethiopia approved participant’s consent waiver. This research was done using these data, and
all study participants within the ART database were anonymized for the purpose of de-identification; it did not contain
any identifying data of the participants to ensure confidentiality.

Results

Characteristics of the Study Participants

The demographic and clinical-related characteristics of the participants included in the analyses are shown in Table 1.
The mean age of the sample adults was 41.6 years (SD = 10.9). In total, 1845 (64.99%) of participants with a CD4 cell
count <200 cells/mL were females and 1610 (56.71%) were married. Furthermore among participants with a CD4 cell
count <200 cells/mL, 1927 (17.54%) had opportunistic infections. Similarly, the population of participants was divided
into two groups based on viral load (viral load <1000 copies/mL or >1000 copies/mL) (see Table 1 for detail).

Model Building

After applying various feature selection techniques, 17 and 19 most crucial features were chosen for were chosen as the
input for the ML algorithms in the classification of viral load and CD4, respectively. The detailed report on the relative
importance of the selected features is shown in Supplementary Figures 1 and 2.

Furthermore, a correlational heatmap was employed to investigate the dependency of included predictors to pass into
ML models. The correlation between viral load predictors shown in Figure 3 revealed that the health facility was highly
correlated with tpt status and date of regimen change with 0.47 and 0.56, respectively. In addition, as shown in Figure 4
among CD4 predictors, functional status and marital were highly correlated (0.62); and WHO stage and regimen change
were highly correlated (0.56). Overall, as it is depicted in Figures 3 and 4, all predictors correlated below (<0.8) indicate

that there was no multicollinearity of features.
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Figure 3 Heat map showing the correlation between features in viral load prediction.

Viral Load Classification Models Evaluation Results
A learning model was developed to distinguish the virological failure of individuals from given adults enrolled in ART,
and an ML classifier was developed and validated to predict and separate the virological failure of participants. As shown
in Figure 5, the sensitivity ranged from 0.81 (LR) to 0.97 (XGB), while the specificity ranged from 0.73 (GNB) to 0.95
(XGB). Furthermore as shown in Figures 6 and Table 2, the XGB algorithm had an excellent performance considering
both the F1 measure and accuracy (>0.96). However, all algorithms had an accuracy of more than 0.78 (Table 2), thereby
indicating that they could be used for the classification of virological failure with acceptable accuracy.

Figures 7 and 8 show the performance ROC-AUC of both the XGB and RF algorithms was 0.99. This shows that both
models were better at accurately distinguishing suppressed and unsuppressed viral load of participants. In addition,
a detailed report on the performance of ROC-AUC ML models was provided in Supplementary Figures 3—8. Overall,

based on the findings of various performance evaluation metrics, the results approved that the best and ideal techniques,
which have a good performance, were XGB and RF.

Figures 9 and 10 show the relative importance of features based on XGB and RF models, respectively. Among top
five features of great importance for predicting viral load, regimen change, adherence level, level of CD4, and duration of
ART follow-up were similarly identified in both algorithms to predict viral load. On the other hand, TB status in XGB
(Figure 9) and health facility in the RF (Figure 10) based model were found to be highly predictive.
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Figure 4 Heat map showing the correlation between features in CD4 prediction.

CD4 Classification Models Evaluation Results
Figure 11 shows the sensitivity, specificity, and AUC of the eight ML algorithms in classifying CD4 of individuals
enrolled in ART care from a given adult population enrolled in ART care. The experimental results showed that the GB
classifiers yielded better capability with 76.0% sensitivity and 82.0% specificity. Also, the GB algorithm achieved 81.0%
precision and 78.0% F1-score shown in Figure 12 and 79% of accuracy (Table 2), indicating that the GB algorithm model
had a specific predictive ability.

Furthermore, Figure 13 shows the GB algorithm attained better at accurately distinguishing good and poor CD4 with
ROC of 83.0%. The AUC of the remaining algorithms compared was provided in Supplementary Figures 9—15. Overall,

GB classifiers were relatively better in the classification of CD4.

Based on the most accurate algorithm (GB), the relative importance of features for classifying the CD4 of participants
as good and poor is presented in Figure 14. WHO clinical stage, weight, duration of ART follow-up, age, and regimen
change were found to be highly predictive of poor CD4 among participants.

Discussion

The ML models built in this study were used to predict the viral load and CD4 status of adults living with HIV/AIDS and
enrolled in ART care in Ethiopia. Accordingly, we trained, validated, and tested five standard ML algorithms KNN, DT,
GNB, SVM, LR, and three ensemble algorithms GB, XGB, and RF on a separate dataset for predicting virological failure
and poor CD4 of adults enrolled in ART. Our models were able to correctly predict 78% to 96% of viral load un-
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Table 2 Comparison of Viral Load and CD4 Classification Models Using Accuracy and AUC

Algorithms Comparison Method | Viral Load Models | CD4 Models
K Nearest Neighbours (KNN) Accuracy (%) 83.0 71.0
AUC 0.92 0.76
Support Vector Machine (SVM) Accuracy (%) 89.0 76.0
AUC 0.95 0.79
Logistic Regression (LR) Accuracy (%) 80.0 75.0
AUC 0.88 0.79
Decision Tree (DT) Accuracy (%) 91.0 65.0
AUC 091 0.65
Gaussian Naive Bayes (GNB) Accuracy (%) 78.0 72.0
AUC 0.85 0.75
Random Forest (RF) Accuracy (%) 95.0 77.0
AUC 0.99 0.83
Gradient Boosting (GB) Accuracy (%) 95.0 79.0
AUC 0.98 0.83
eXtreme Gradient Boosting (XGB) Accuracy (%) 96.0 76.0
AUC 0.99 0.8l

Abbreviation: AUC, area under curve.

suppression (or suppression) and 79% in CD4 classification. These results suggest some important implications for the
application of supervised ML algorithm methodology in clinical practice.

When we evaluated the performance of eight ML models to predict the viral load un-suppression (or suppression) of
individuals enrolled in ART, we found that the XGB and RF models had better performance than the other ML models
tested. AUC of XGB and RF models in this study was 0.99, and the accuracy was 0.96 and 0.95, respectively. Different
studies have been evaluating the application of ML techniques in predicting viral load of individuals with HIV/AIDS. >3-4
This is somewhat higher than Maskew et al, which reports that ML based predictive modeling achieves an AUC of 0.76.>°
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Figure 7 Receiver operating characteristic curves of eXtreme Gradient Boosting (XGBoost) model for viral load prediction.
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Figure 10 Predictors of viral load in the Random Forest (RF) model.

Importance Score\RF model

Recently, Kamal et al conducted a study employing RF-based prediction of virologic outcomes in Switzerland, which
achieved an AUC of 0.77.>® Meanwhile, our accuracy finding is in agreement with a study of Bisaso et al, which reports
a predictive modeling accuracy of 92.9%.%° Overall, our XGB model shows good predictive performance in various

diagnostic metrics, such as accuracy, precision, sensitivity, and F1 score. This is in line with evidences which shows XGB

model had similar performance for predicting the CD4/CDS8 ratio and HIV/AIDS prognosis.

40-42,44,45

International Journal of General Medicine 2023:16

https:

445

Dove:


https://www.dovepress.com
https://www.dovepress.com

Seboka et al Dove

B Sensitivity ~— ®m Specificity ~— mmm AUC

1.0 1

SVM GNB LR DT RF GB XGB KNN
CD4 classification models

Figure |1 Performance evaluation of eight machine-learning models for CD4 prediction.
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Figure 12 Precision, Recall, FI, and F-beta scores based evaluation of eight machine-learning models for CD4 prediction.

Regarding CD4 prediction, our model developed by the GB yielded better performance with (0.79 accuracies, ROC-
AUC =0.83), in predicting low or poor CD4 among other models developed by LR, SVM, KNN, DT, GNB, XGB, and RF.
This accuracy is lower than a study done in Ethiopia which reported 83.5% to 99.8%, across J48, Decision tree, Neural
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Figure 14 Predictors of CD4 in the Gradient Boosting (GB) model.

Network, and RF algorithms in predicting CD4.%° Similarly, it is lower than 83% returned in South Africa.’* Regarding
other model’s performance metrics (specificity = 0.82%) in this study were in line with a study from Yunnan, China.”
Using the XGB and RF models, we assessed the importance of predictors that contribute to better performance in virological
failure prediction. In this study, regimen change, adherence level, level of CD4 and duration of ART follow-up, and TB status
were significant in predicting viral load. In our study, findings indicated that the level of adherence in ART care was the most
important feature in predicting viral load failure. This is in line with findings of previous ML findings.***°* Furthermore,
duration on ART was an important feature for predicting virological failure. Participants who had a longer duration of stay on

839 which reported longer

ART had a higher risk of developing virological failure; this is consistent with the previous studies,
ratio of follow-up increases the chances of developing virological failure. Our finding indicated participants who had low CD4
counts had higher chance of virological failure. The low of CD4 count in particular is a well-known predictor of ART treatment
outcome that has been strongly associated with viral load failure.***®*° Similarly, opportunistic infection was found to have the
most crucial impact in predicting viral load failure among individuals living with HIV/AIDS in the literature.*®%**

This study determined the significant influencing factors for low or poor CD4 status using the relevance values of
features for the GB classifier. Accordingly, WHO clinical stage, weight, duration of ART follow-up, age, and regimen
change were predictive of CD4 status in this study. We found that the WHO clinical stage of participants was most
crucial in predicting CD4, which is consistent with the previous findings.> The age and weight of the HIV/AIDS

participants were also the most important features in predicting CD4.''***%% The latter characteristics indicated
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duration of ART follow-up heightened and possibly played a role in the low level of CD4. Several studies obtain the
same results for the individual’s duration of ART follow-up.*>4%-38:60:69

The results of this work should be interpreted as an illustration of the presented statistical methods in a realistic
setting. The practical conclusions should be seen in light of the data limitations. Analysis was restricted to routinely
collected retrospective data describing the demographics and clinical status of participants. There may be considerable
reservation with unexplored behavioral information, such as smoking, alcohol consumption, exercise, and dietary habits.
Hence, unexplored and missing information may also contribute to viral load and CD4 status, the impact of these factors
is unknown and needs to be examined. Furthermore, data we used in this study were routinely collected on two-centers
and it requires external validation. Fear of generalization should be alleviated to a large and diverse datasets to include
more variables and improve the performance of ML models. This study used a supervised ML algorithm, feature
selection methods to select the best subset features to develop the models. It is better to see the difference in performance
results using unsupervised or deep learning algorithm models.

Conclusion
In order to predict viral load and CD4 status of individuals in ART, this study compared the effectiveness of eight ML
classifier models. In this study, the XGB and RF models had the highest accuracy and outperformed on various
evaluation metrics among the models examined for viral load classification. In the prediction of participants CD4, GB
model had the highest accuracy.

Therefore, ML-based predictive models, particularly the XGB, RF, and GB algorithm, potentially facilitate identify-
ing the patients who are at high risk of virological failure and poor CD4 to inform proper interventions by the clinicians.
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